Although hundreds of genes have been linked to chronic myelogenous leukemia (CML), many of the results lack reproducibility. In the present study, data across multiple modalities were integrated to evaluate 579 CML candidate genes, including literature-based CML-gene relation data, Gene Expression Omnibus RNA expression data and pathway-based gene-gene interaction data. The expression data included samples from 76 patients with CML and 73 healthy controls. For each target gene, four metrics were proposed and tested with case/control classification. The effectiveness of the four metrics presented was demonstrated by the high classification accuracy (94.63%; P<2x10 -4 ). Cross metric analysis suggested nine top candidate genes for CML: Epidermal growth factor receptor, tumor protein p53, catenin β 1, janus kinase 2, tumor necrosis factor, abelson murine leukemia viral oncogene homolog 1, vascular endothelial growth factor A, B-cell lymphoma 2 and proto-oncogene tyrosine-protein kinase. In addition, 145 CML candidate pathways enriched with 485 out of 579 genes were identified (P<8.2x10 -11 ; q=0.005). In conclusion, weighted genetic networks generated using computational biology may be complementary to biological experiments for the evaluation of known or novel CML target genes.
Introduction
Chronic myelogenous leukemia (CML) is a type of leukemia characterized by an accumulation of myeloid cells in patient blood and is caused by the uncontrolled growth of myeloid cells in the bone marrow (1) . CML has a slight male predominance (1) and people with a median age of 65-years are more susceptible to the disease (2) . Although the cause of most CML cases remains unknown, it has been suggested that genetic variations may serve a role in the pathogenesis of CML (3) .
To date, hundreds of genes have been linked to CML. For example, the fusion gene breakpoint cluster region-Abelson murine leukemia viral oncogene homolog 1 (BCR-ABL1) leads to increased expression of ABL1 and has been observed in many cases of CML (4) (5) (6) . ABL1 inhibitors have been developed to inhibit tyrosine kinase activity and are often used to treat patients with CML. In addition, serum levels of interleukin (IL)-6 and tumor necrosis factor (TNF) have been suggested as potential prognostic markers for CML (7, 8) .
Other genes, including ephrin type-B receptor 4, janus kinase 2 (JAK2), epidermal growth factor receptor (EGFR), catenin β 1 (CTNNB1), vascular endothelial growth factor A (VEGFA), KIT proto-oncogene receptor tyrosine kinase and tumor protein p53 (TP53), have been suggested to be significantly linked to CML, albeit with unknown mechanisms (9) (10) (11) (12) (13) (14) . Nevertheless, many of the genes reported to be associated with CML have been reported by very few studies, and these studies have largely been conducted with small sample sizes. Therefore, there is an increased requirement to systematically evaluate these CML target genes.
Over the last few years, Pathway Studio ® (PS; www.pathwaystudio.com) has become a popular tool for literature-based relation data analysis (15) (16) (17) . In the present study, PS was used to identify CML target genes for evaluation, based on published scientific literature. Multiple levels of analysis between these target genes and CML were conducted by integrating data across different modalities. The present study aimed to provide a systematic evaluation approach through a weighted gene-gene interaction (GGI) network analysis, in order to better understand the underlying pathogenic development of CML.
Materials and methods
Study design. Large-scale CML-gene relation data were analyzed to identify CML candidate genes and generate two literature-based metrics (i.e., reference and age scores). Using the aforementioned approach, a genetic database for CML (CML_GD) was developed (http://gousinfo. com/database/Data_Genetic/CML_GD.xlsx). The database contained 579 CML target genes (CML_GD→Related Genes), supported by 1,739 references (CML_GD→Ref for Disease-Gene Relation). The database also included 145 pathways from GSEA (CML_GD→Related Pathways) and 99 diseases from SNEA (CML_GD→Related Diseases). Further information regarding the database can be found at (CML_GD→Database Note).
CML target genes.
The 579 CML target genes (CML_ GD→Related Genes) were genes that had been associated with CML once or several times within PS. PS identified CML-gene relations using a natural language processing technique, covering a large literature database with >35 million references (19, 20) .
Enrichment analysis. Using the 579 CML target genes as input, GSEA and SNEA were conducted within PS. GSEA compared the 579 CML target genes against the Gene Ontology (GO) terms, PS Ontology and >2,000 PS-curated pathways. SNEA, another PS built-in enrichment module (21) , identified that the 579 target genes significantly overlapped with genes associated with diseases. P-values were calculated using the Fisher's exact test, with false discovery rate (FDR) analysis for multiple analyses (22) . The Fisher's exact test has been adopted as an effective statistical method to measure the gene-enrichment in annotation terms. Subsequently, GGI analysis was conducted to generate a weighted GGI network. The number of pathways shared by two genes was used as the weight for the corresponding edge. Validation by case/control classification. R 3.1.2 software was used for the analysis. Based on the hypothesis that an effective metric could be used to select genes that were more relevant to the disease, the present study proposed to use gene expression of the top genes ranked by different metrics to classify CML cases from controls. A Euclidean distance-based classification approach (26) was employed as a classifier, followed by a leave-one-out (LOO) cross-validation. The Euclidean distance-based classification approach has been successfully applied to the classification of functional magnetic resonance imaging data as well as single nucleotide polymorphisms data in previous studies (18, 26) . The input of the classifier was the gene expression of selected genes. For each run of the LOO processes, gene expression values of one sample were used as a testing sample and the remainder as training samples. The output was the classification accuracy (CR), which was defined as the number of correctly classified subjects of the total subjects. Lastly, a 5,000-run permutation was performed to generate a permutation P-value, which stated the probability a randomly selected gene set containing the same number of genes could reach the same or higher CR.
The expression data used for case/control classification were acquired from 149 subjects, including samples from 76 patients with CML and 73 healthy controls (NCBI GEO: GSE13159; https://www.ncbi.nlm.nih.gov/geo/). The dataset included 549 out of 579 CML target genes (CML_GD→Related Genes).
Results

CML target genes.
A total of 579 CML candidate genes were identified from CML-gene relation data supported by 1,739 references ( Fig. 1) . These genes are presented in CML_GD→Related Genes. The 1,739 supporting references are presented in CML_GD→Ref for Disease-Gene Relation, which included types of CML-gene relations, reference titles and the reference where a disease-gene relation has been identified. In addition, Fig. 1 revealed the relations between 265 out of the 579 genes and BCR-ABL mutations. It is widely accepted that BCR-ABL mutations are significantly associated with the treatment of patients with CML (27) . Therefore, the present study also aimed to investigate BCR-ABL mutation-related genes and discuss their relationship to CML. The BCR-ABL-related genes and supporting references are presented in CML_GD→BCR-ABL related Genes and CML_GD→Ref for BCR-ABL-Gene Relation, respectively.
Of the 579 CML candidate genes, 325 (56.13%) have been reported with one reference (RScore=1), 88 (15.20%) with two, 47 (8.12%) with 3 and only 65 (11.23%) with more than five references. As presented in Fig. 2 , these 579 CML genes demonstrated several different types of functional associations with CML. While all these studies are valuable, further evaluation with meaningful metrics may help to further evaluate the linkage between these genes and CML, and reduce possible noise introduced within individual studies.
The publication date distribution for the 1,739 supporting references was also analyzed. The results demonstrated that on average the publication age of the references was 6.4 years. In addition, novel genes were identified each year.
Enrichment analysis. The top 20 significantly enriched pathways are listed in Table I . A total of 389 out of 579 genes were enriched within these pathways (P<1.2x10 -27 ; q=0.005). In CML_GD→Related Pathways, the top 145 pathways that were significantly enriched with 485 out of 579 genes (P<8.1x10 -11 ; q=0.005) are presented.
Within the 145 pathways (CML_GD→Related Pathways), 12 were related to cell growth and proliferation (overlapped genes: 221), 11 to protein kinase (overlapped genes: 156), 11 to cell apoptosis (overlapped genes: 201), eight to protein phosphorylation (overlapped genes: 119), six to transcription factors (overlapped genes: 152), three to nervous system (overlapped genes: 89) and three to immune system (overlapped genes: 140). Additionally, two ontology terms were related to ageing (overlapped genes: 140).
Along with GSEA, SNEA was also conducted to identify the diseases that were significantly linked to the 579 CML target genes. A total of 99 diseases are presented in CML _GD→Related Diseases and the top 10 diseases are listed in Table II . The genes associated with each of these 99 diseases demonstrated significant overlap with the 579 CML target genes (P<1x10   -90 ).
GGI analysis. Pathway-based GGI analysis was conducted on all 579 candidate genes to build a gene interaction network for CML, as shown in Fig. 3 . The network was composed of 485 out of 579 genes and 51,072 edges. An edge between two genes represents at least one shared pathway. The remaining 94 out of 579 genes were not included, as these were not enriched within the 145 significant pathways (CML_GD→Related Pathways). The adjacent matrix of the network is presented in CML_GD→GGI Network. In the adjacent matrix, the number between two genes represents the number of shared pathways. For further statistics, please refer to CML_GD→Network Statistics.
Evaluation by case/control classification. For case/control classification, the 579 target genes were initially ranked by different metrics and then the expression values of the top n (n=1,2…) genes were used as the input for classification. In each run of the LOO process, expression data of these input genes from one sample were used as the test, and the remainder as the training dataset for classification. The process was repeated for each sample and each n. The output from the LOO process was CR. The CRs obtained using a number of different genes for classification are presented in Fig. 4 . Further results are provided in Table III. Both Fig. 4 and Table III demonstrated that high CR can be achieved by using top genes ranked by different scores, whereas using more lower-scored genes may not increase the CRs (Fig. 4 , the highest CR were presented at the corresponding number of genes). The results suggested that the proposed metrics were effective in selecting top genes to discriminate CML cases from controls. Notably, RScore required the smallest number of genes and had the most significant permutation P-value (P<2x10 -4 ), and SScore led to the highest CR of 95.30%.
Cross metrics analysis. If a gene satisfied the following, it may be more likely to be associated with the development of CML: i) The gene has been supported by multiple studies for its relation with CML (high RScore); ii) the gene is involved in high number of molecular pathways implicated in CML (high PScore); and iii) the gene possesses strong connections with other CML candidate genes (high SScore). AScore presented the history of a relation between a gene and CML; the LOO results indicated that each of the four scores proposed in this study was effective in selecting top genes for CML prediction and that these identified genes may lead to an improved classification accuracy. Therefore, top genes that were present in all four scores may be considered as significant CML target genes.
In Fig. 3 , the inner circle depicts the top genes selected using SScore. The size of the circle is directly proportional to the PScore and the brightness in color corresponds to the RScore. According to the aforementioned hypothesis, genes with high SScore, PScore and RScore values should be considered as 2.48x10 -29 polymerase II promoter
The P-value for each gene set was calculated using the one-tailed Fisher's exact test against the hypothesis that a randomly selected gene set of the same size (579) could present an equal or higher number of overlapped genes with the corresponding gene set. All the gene sets passed FDR correction (q=0.005). FDR, false discovery rate; GO, Gene Ontology. The P-value for each sub-network in the table was calculated using the one-tailed Fisher's exact test against the hypothesis that a randomly selected gene set of the same size (579) could present an equal or higher number of overlapped genes with the corresponding gene sub-network. All these sub-networks passed FDR correction (q=0.005). FDR, false discovery rate.
important for CML. The relevant genes were EGFR, TP53, CTNNB1, JAK2, TNF, ABL1, VEGFA, B-cell lymphoma 2 (BCL2) and SRC proto-oncogene (SRC), which are presented in Fig. 3 as large, bright red circles. Analysis demonstrated that on average these genes have an RScore=22.22±11.76, PScore=38.67±3.74 and SScore=2.54±0. 16 . Please refer to CML_GD→Related Genes for further information.
Some genes exhibited a high PScore and SScore, but low RScore; these included SRC, transforming growth factor β1 (TGFB1), lck/yes-related novel protein tyrosine kinase, TGFB2, protein tyrosine kinase 2β (PTK2B), PTK2, protein kinase c alpha, BCL2, AKT serine/threonine kinase 1, IL1B, mitogen-activated protein kinase 1 (MAPK1), FYN proto-oncogene, platelet derived growth factor receptor β Figure 4 . Classification results of genes ranked using different metrics. The numbers indicate the maximum CR achieved using different scores. The 'Random' line was generated using 5,000 permutations and represents the mean CR when randomly selecting a gene set with n (n=1, 2…) number of genes. AScore, age score; CR, classification accuracy; PScore, pathway score; RScore, reference score; SScore, network significance score. and MAPK3 ( Fig. 3 ; CML_GD→Related Genes). These genes were present in multiple CML-implicated pathways (PScore=39.21±3.70) and displayed strong connections with other CML target genes (SScore=2.55±0.16); however, these genes were first reported many years ago (AScore=14.00±7.18) with few references available (RScore=4.36±3.61). These findings indicated that further research on these genes may improve the understanding of their true relevance for CML. In addition, the 'inner circle' can be increased to include more genes with less significance for future analysis.
Discussion
Besides BCR-ABL mutations, many other genes have been associated with CML (8) (9) (10) (11) (12) (13) (14) . However, due to the inaccuracies introduced during subject recruitment, data collection and processing, these findings require further validation. In the present study, literature-based CML-gene relation data and gene expression data, together with enrichment analysis and GGI analysis were employed to study pathogenic interactions between 579 target genes and CML. Four metrics were proposed and evaluated using a case/control classification approach. The results demonstrated that most of the CML target genes interacted with each other and served a role within numerous CML-implicated pathways.
A total of 579 genes were collected and evaluated, as these were supported by 1,739 references to demonstrate association with CML (CML_GD→Ref for Disease-Gene Relation). Both GSEA and SNEA were conducted to analyze the functional roles of these genes in the pathogenesis of CML. The GSEA results demonstrated that 485 out of 579 genes were significantly enriched in 145 pathways (P<8.2x10 -11 ; q=0.005). Many of these pathways have been previously implicated in CML (CML_GD→Related Pathways), including three nervous system, three immune system and two ageing-related pathways (28) (29) (30) (31) (32) (33) (34) (35) (36) . Furthermore, GGI analysis revealed that most CML candidate genes exhibited a strong functional association with each other. Notably, >70% of the 579 genes were also associated with many other diseases, including acute myeloid leukemia, myelodysplastic syndrome and lymphoma (CML_ GD→Related Diseases), which are linked to CML (37) (38) (39) .
In the present study, four metrics were proposed to select target genes relevant for CML. RScore was used to identify genes that have been frequently reported to be associated with CML, PScore was used to find genes linked to CML-related pathways, SScore was used to discover genes with a strong functional association with other CML candidate genes and AScore was used to identify newly discovered CML genes.
The results from the case/control classification approach demonstrated the effectiveness of the proposed metrics. In particular, genes selected by the four metric scores led to effective CML case/control prediction (CRs >94%; P<0.029), whereas non-effective predication accuracy (P=0.215) was achieved when all the target genes were included in the dataset (GSE13159; 549 out of 579 genes). These results suggested the necessity of using node (gene) metrics for further analysis of the CML candidate genes.
Cross-network metrics analysis revealed nine top CML candidate target genes, including EGFR, TP53, CTNNB1, JAK2, TNF, ABL1, VEGFA, BCL2 and SRC. These genes have been reported by numerous independent studies for their association with CML (RScore=22.22±11.76) (7) (8) (9) (10) (11) (12) (13) (14) , have a role within CML candidate pathways (PScore=38.67±3.74) and display strong functional linkage with other CML candidate genes (SScore=2.54±0.16). Therefore, the results demonstrated that these genes may be associated with a higher probability of developing CML.
Although this study evaluated 579 known CML candidate genes acquired from CML-gene relation data, the proposed PScore and SScore can be used to evaluate any gene included in the CML pathways. In addition, more/novel genes can be evaluated following the same approach. Further metrics may also be tested for the evaluation of CML target genes. Lastly, the results presented in this study are computational rather than experimental; therefore, biological experiments are required to test the functional mechanism of these significant CML genes.
In conclusion, to the best of our knowledge, this study has demonstrated for the first time integration of large-scale literature-based relation data and gene expression data, together with enrichment analysis and GGI analysis to evaluate 579 genes for their association with CML. The proposed computational approach utilized a weighted network that may help identification of significant or novel CML target genes for future research.
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